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Introduction
New technology is the cornerstone of economic growth (Grossman and Helpman, 1991) . If developing countries are to increase their standards of living, they must gain access to advanced technologies that increase productivity. In addition to enhancing productivity, advanced technologies can help developing countries combat negative externalities, such as air pollution (Mani and Wheeler, 1998) . Given that rapid industrialization has created new pollution problems, including climate change, and increased the consumption of natural resources, the current economic trajectory of many large developing countries, such as China and India, is not sustainable. However, enhancing sustainability in these countries requires the introduction of new advanced technologies. Without new technology, sustainability can only be achieved by reducing economic growth, which seems both politically infeasible and normatively unwarranted in light of how many people continue to live in poverty in these countries.
Against this backdrop, the importance of international technology transfer is paramount. Unfortunately, concerns about competitiveness, and reverse-engineering in particular, often discourage innovators from providing developing countries with advanced technologies (Maskus, 2000; Gallagher, 2006) . If innovators provide advanced technologies to firms in developing countries, these firms or their local competitors can apply reverse-engineering to enhance their competitiveness in global markets. Concerns about reverseengineering are closely related to developing countries' rapid industrialization, their increasing relevance as economic competitors in manufacturing industries (Lewis, 2007) , and the thorny issue of property rights (Ockwell et al., 2010) .
What, then, are the conditions under which transfers of clean technology are feasible? With some exceptions (Dechezleprêtre, Glachant, and Ménière, 2008; Perkins and Neumayer, 2009) , scholars of sustainable development have made surprisingly little progress toward understanding the conditions that allow technology transfer from industrialized to developing countries. While the international dimension of sustainability is commonly acknowledged (Ward, 2006) , and the policy importance of technology transfer is widely recognized (Hoekman, Maskus, and Saggi, 2005; Brewer, 2008) , there are few political-economic theories on the promotion of technology transfer in different conditions, not to mention the dearth of empirical evidence.
Building on these ideas, we examine the conditions that allow international technology transfer. Specifically, we analyze a comprehensive dataset on technology transfer in the Kyoto Protocol's Clean Develop-ment Mechanism (CDM). The CDM allows project developers to profit from implementing projects that reduce carbon dioxide emissions in developing countries. While the CDM's emphasis is on cost-effective climate mitigation, another stated goal of the CDM is to promote the transfer of clean technology from industrialized to developing countries (UNFCCC, 2010) . Overall, the CDM's record of technology transfer is impressive: our data show that approximately one third of all CDM projects feature technology transfer.
Many CDM projects focus on modern renewable sources, such as solar and wind, so CDM projects can tell us about technology transfer more generally. We theorize about the circumstances that allow, and disallow, technology transfer. To test the theory, we examine the determinants of technology transfer in 4,894 CDM projects during the years 2004-2010. Both formally and empirically, we show that technology transfer is difficult when the following two conditions are met. First, the technology in focus is key to export competitiveness in global markets. Second, the recipient country's capacity to absorb new technologies is high. Our data show that if both conditions are met at the same time, innovators from industrialized countries are unwilling to transfer new technologies to developing countries.
This article offers two main contributions to scholarship on the international dimensions of sustainable development. First, ours is the first study that analyzes competitiveness concerns in technology transfer using detailed data on individual projects. Given the increasing importance of technology transfer in international political economy, this article breaks new ground, opening a window of opportunity for a dynamic research program on the general problem of transferring advanced technology in a global North-South context. Building on our insights, future research could examine technology transfer in other contexts, such as foreign direct investment and development projects funded by the World Bank and other multilateral agencies.
Second, this article shows both the value and limits of technology transfer. Countries with high absorptive capacity may expect less transfer of commercially valuable technologies than countries with low absorptive capacity. The good news is that technology transfer benefits countries that need it the most.
The bad news is that countries most capable of adopting new technologies benefit less, and the problem is pronounced for the most valuable technologies.
The findings also suggest ways to improve the design of international institutions for technology trans-fer. If concerns about future competition are a central impediment to technology transfer, then international institutions, including the CDM, should offer subsidies and other incentives to inventors who transfer new technologies to rapidly industrializing countries. Moreover, while international institutions cannot remove concerns about competitiveness, they can help inventors design contracts and programs that allow technology transfer while controlling reverse-engineering. Given these two opportunities, the CDM could use some of the revenue from carbon credits to subsidize technology transfer while offering technical and legal assistance to the design of technology transfer contracts.
The International Political Economy of Technology Transfer
By technology transfer, we refer to the transmission of production methods and know-how from one country to another (Saggi, 2002) . This definition of technology transfer covers a wide range of goods and services.
Moreover, it covers both tangible equipment and intangible knowledge. While our empirical analysis focuses on environmental technology, our theory is intended to apply to technology transfer in a more general sense.
Technology transfer is essential for development, and this is so for at least two reasons. First, economic growth requires productivity enhancement, and few developing countries are able to enhance their productivity significantly without access to foreign technology. According to Keller (2004, 742) , "[f]or most countries, foreign sources of technology account for 90 percent or more of domestic productivity growth." Second, new technologies can help developing countries combat negative externalities. For example, if developing countries gain access to clean technology, they can reduce their environmental burden even under economic growth (Perkins and Neumayer, 2009) .
While technology transfer is beneficial to developing countries, there are multiple obstacles to it. Owners of advanced technology often refuse technology transfer because they worry about loss of competitive advantage. This problem is chronic for countries that are unable to protect the intellectual property rights of foreign investors (Maskus, 2000) . For example, Gallagher (2006) finds that American automobile manufacturers have reduced their technology transfer to China because they worry about reverse-engineering.
Indeed, governments of rapidly industrializing countries, such as China and India, frequently emphasize international competitiveness as a key rationale for subsidizing new technologies (Lewis and Wiser, 2007; Ockwell et al., 2010) . Moreover, many developing countries lack the ability to exploit advanced technolo-gies (Keller, 1996) .
Despite a broad consensus on the importance and difficulty of technology transfer, the international political economy thereof remains poorly understood. Although there is some qualitative evidence for the political salience of technology transfer in North-South negotiations (Ockwell et al., 2010) , social scientists have yet to develop analytical models of the political economy of technology transfer, let alone test such models against quantitative data. The lack of theoretical progress and empirical evidence prevents scholars and policymakers from understanding the political-economic determinants of technology transfer. In turn, this lack of understanding raises impediments to effective policy interventions and strategies. In what follows, we begin to address the problem by developing a formal model of technology transfer and test it against data on technology transfer in the Kyoto Protocol's CDM.
In the literature on CDM, technology transfer now plays an important role. Although technology transfer is not a formally stated requirement of the CDM, many developing countries have emphasized the importance of technology transfer. According to the literature (Dechezleprêtre, Glachant, and Ménière, 2008; UN-FCCC, 2010) , technology transfer is particularly common in large projects implemented in rapidly growing developing countries that have already reached relatively high levels of technological prowess, in some cases through previous CDM project implementation. Moreover, the literature suggests that the CDM promotes technology transfer through multiple channels, including institutional support and enhanced commercial viability of clean technology projects (Schneider, Holzer, and Hoffmann, 2008) . Our primary contribution to this literature is a theoretical and empirical analysis of interactive effects between the technology's commercial value and the recipient country's absorptive capacity: we show that countries with high absorptive capacity receive advanced, commercially important renewable energy technologies less often than countries with low absorptive capacity. However, there is no such effect for non-renewable energy technologies.
While this interactive effect has not been recognized in previous research, our theoretical and empirical analysis below shows that it is fundamental to understanding North-South transfers of clean technology under the CDM.
A Theory of Clean Technology Transfer
The purpose of our theory is to explain variation in technology transfer from technologically advanced to less advanced countries. The unit of analysis is a project. We define a project as a profitable investment opportunity.
We assume the project's value depends partly on technology transfer. If the project is implemented with advanced technology, not available in the host country, the project's profitability increases. This profitability may reflect both commercial value, such as a decreased implementation cost, and the enhanced supply of global public goods, which an international institution may implicitly reward.
In our theory, we consider the incentives of two players: a project developer and a technology inventor.
The project developer is a firm in the host country. The technology inventor is a foreign firm that owns an advanced technology. We investigate the determinants of whether the project developer can cooperate with the technology inventor to gain access to advanced technology.
Even though technology transfer is potentially profitable, it may fail. The technology inventor worries that if it transfers advanced technology, the project developer uses the advanced technology to enhance its competitiveness outside the specific project. For example, a Chinese wind turbine manufacturer could illegally reverse-engineer a German blade design, without compensating the German technology inventor.
This would reduce the German technology inventor's competitiveness in global markets.
Model
Our theory does not focus on the upstream decision to implement projects, so we begin with the premise that the project is already under consideration. This assumption is based on the idea that, for most projects, technology transfer is not a "make or break" decision. Instead, it is a decision that determines the size of the rents from the project. Therefore, the inventor must now decide whether to transfer an advanced technology to increase the profitability of the project. Let T ∈ {0, 1} denote the transfer decision. The game tree is provided in Figure 1 .
[ Figure 1 about here.]
Without loss of generality, the project's value is normalized to zero without technology transfer. If technology transfer occurs, the project generates one unit of profits. These profits are divided between the inventor and developer. We allow any division of profits between the two players, and we assume this division of profits can be determined ex ante. In practice, the division of profits would be implemented through a contract on the technology license. As in the game tree above, let x ∈ [0, 1] denote the inventor's share of the profits, and note that 1 − x is thus the project developer's share of the profits.
If technology transfer occurs, the project developer must decide whether to use the advanced technology outside the project. We refer to such usage as "reverse-engineering," formally R ∈ {0, 1}. Such usage is assumed to be costly to the inventor. The project developer must pay a cost C > 0 to reverse-engineer the technology. This cost reflects factors such as hiring engineers and designers to learn how to build the advanced foreign technology, as well as the cost of avoiding being caught by the foreign inventor.
We assume that the project developer itself implements the reverse-engineering only for concreteness: our strategic model holds even if the reverse-engineering is done by a third party, such as a local competitor. 1 The project developer's cost of reverse-engineering, C, depends on a variety of factors, including intellectual property rights. In countries with stringent patent laws, reverse-engineering results in legal sanctions, such as fines. Thus, while our theory focuses on absorptive capacity and commercial value, it seems intuitive that reverse-engineering would be less common in countries that impose demanding standards on intellectual property rights.
The value of reverse-engineering the technology is AV , where A > 0 measures the project developer's absorptive capacity and V > 0 measures the commercial value of the advanced technology in global markets. Importantly, the relationship between the two is assumed to be multiplicative. As the technology's value V increases, the importance of absorptive capacity also increases. This is intuitive: absorptive capacity is not valuable unless the technology in focus holds considerable commercial promise.
Absorptive capacity is a complex phenomenon. According to Keller (1996, 200) , the absorptive capacity of a country or a company can be generally defined as the availability of skills to "implement technologies invented abroad ... [which] requires that more skills must be built up by domestic workers and managers."
In our model, absorptive capacity is defined in terms of the project developer's skills and knowledge. This absorptive capacity is positively associated with the project developer's size, availability of capital and skilled labor in the host country economy, and the management's technological competence. If the project developer has achieved a level of technological sophistication that allows it to reverse-engineer the advanced foreign technology, and then use the reverse-engineering to enhance its own productivity, then A acquires a high value.
The cost of reverse-engineering to the inventor is L(V ) > 0, where L is some strictly increasing function of V . This intuitive assumption states that as the technology's value V increases, the inventor's cost of losing it to a competitor also increases.
Equilibrium
The game has a sequential structure, so the appropriate solution concept is the subgame-perfect Nash equilibrium (SPNE). Our simple game can be solved via backward induction. First, we examine whether the project developer has an incentive to reverse-engineer an available technology. Second, given the project developer's equilibrium strategy, we examine whether the technology inventor is willing to transfer.
In equilibrium, the project developer reverse-engineers an available technology whenever AV > C: the expected benefits, which are given by the product of absorptive capacity and the value of the technology, must exceed the cost of reverse-engineering the technology.
Next, we characterize the inventor's best response in the strategically prior decision to transfer technology. First, suppose AV ≤ C so that the project developer would not reverse-engineer. In this case, the inventor clearly transfers because the technology is not threatened. Second, suppose AV > C so that the project developer would reverse-engineer. Recall that profits can be divided between the inventor and the developer: x ∈ [0, 1]. In the formal model, the technology inventor transfers the technology if and only if L(V ) < 1. In this case, a distribution of profits (x * , 1 − x * ) exists such that the technology inventor is willing to transfer, even though the technology is ultimately reverse-engineered.
Testable Hypotheses
The model generates hypotheses on the project developer's absorptive capacity, the advanced technology's value, and their interactive effect. This section summarizes these hypotheses. To foreshadow, we find that technology transfer is particularly difficult to countries with high absorptive capacity in the case of advanced and commercially valuable technologies.
First, consider the effect of absorptive capacity. All else constant, we find that increased absorptive capacity undermines technology transfer.
Hypothesis 1 (absorptive capacity). As the project developer's absorptive capacity A increases, the likelihood of technology transfer decreases.
As soon as absorptive capacity reaches the critical threshold of A = C V , the project developer begins to reverse-engineer the technology. Therefore, the inventor's incentive to transfer the technology decreases. 2 In practice, changes in absorptive capacity may be followed by other changes, such as new rules for intellectual property rights. Indeed, a host country could attempt to enhance intellectual property rights, so as to continue technology transfer despite enhanced absorptive capacity. In the empirical analysis, we need to account for this. 3 Second, consider the technology's value. As the technology's commercial value increases, it is intuitive that the technology inventor would become less willing to transfer.
Hypothesis 2 (value of technology). As the advanced technology's value V increases, the likelihood of technology transfer decreases.
Valuable technologies are not easy to transfer, and this is so for two reasons. First, valuable technologies encourage the project developer to reverse-engineer. Second, the loss from losing the monopoly of a valuable technology is particularly large.
Finally, and most importantly, consider the interactive effect. We find that the negative effects of absorptive capacity and technology value reinforce each other.
Hypothesis 3 (interactive effect). The negative effect of increasing the advanced technology's value V on the likelihood of technology transfer grows in size as the project developer's absorptive capacity A increases.
This hypothesis is key to testing our model. By noting that technology transfer is the least likely when the recipient country has high absorptive capacity and the technology at hand has considerable commercial value, we can examine the explanatory power of our model.
Research Design
To test the theory, we need data on projects implemented in a large number of potential recipient countries.
Moreover, these projects need to hold potential for technology transfer. If we can find a dataset of such projects, we can examine whether host country characteristics and technology type have the hypothesized interactive effects on technology transfer.
We use data on technology transfer in 4,894 CDM projects implemented in the years 2004-2010. 4 Designed to reduce the cost of abating carbon dioxide emissions, the CDM allows project developers to implement projects in developing countries and earn carbon credits for them. While the CDM is not perfectly representative of the much broader canvas of clean technology transfer, it is noteworthy that CDM projects do cover a wide variety of common clean technologies. In the online appendix, we provide an inclusive list of CDM project types, and provide descriptive statistics for projects under them. This list shows that the CDM has resulted in the implementation of a wide variety of climate mitigation projects, and that technology transfer has also occurred across the board. Thus, much can be learned from analyzing CDM projects.
There are two further barriers to credible inference that require attention. First, CDM projects are not a random sample of possible projects. This selection issue, which is common in the study of environmental politics (Ringquist and Kostadinova, 2005) , can be addressed by controlling for how attractive each host country is for CDM projects. Countries that implement many CDM projects could systematically differ from other countries, and a control for propensity to implement CDM projects allows us to correct for this bias. Second, endogeneity may be an issue, as previous research shows that technology transfer allows learning (UNFCCC, 2010). Controlling for previous CDM projects also helps here, as it corrects for possible bias from a history of project implementation that would allow learning. Of course, the inclusion of time trends and country fixed effects also helps with regard to selection and endogeneity.
Dependent Variable
Our dependent variable is a binary indicator for technology transfer. For a project that features technology transfer, it equals 1. For all other projects, it equals 0. In the dataset, the number of projects that feature technology transfer is 1,458, or 30% of all 4,894 projects.
The data on technology transfer are based on project design documents and were collected by the CDM team of the UNFCCC. The CDM team reviewed the project documents of all available CDM projects for evidence concerning the transfer of technological knowledge and/or equipment (UNFCCC, 2010). If such evidence was found, the project was coded as featuring technology transfer. If no evidence was found, the project was coded as not featuring technology transfer. This is a conservative coding rule because it is possible that some projects feature technology transfer without mentioning it in the project documents. In the online appendix, we also examine alternative coding rules.
To illustrate the coding, consider the following examples. In October and December 2006, respectively, two biomass energy projects were registered for implementation in Hebei, a Chinese province. One of the projects, titled "Jinzhou 24MW Straw-Fired Power Project," explicitly states in the project design document that it does not feature any technology transfer. 6 The other, titled "Hebei ChengAn Biomass Cogeneration Project," imported clean technology from the Danish BWE Company: 7 "The technology employed by the proposed project is from Denmark BWE, where the key components of the boiler fired with local straw (130t/h in capacity) in the proposed project are imported. A technology transfer activity therefore will be involved through the implementation of the proposed project."
More examples of the coding can be found in the online appendix.
Independent Variables
To explain technology transfer in CDM projects, we rely on two main independent variables and their interaction term. Project type is used to capture the value of the technology transferred, while the recipient's GDP represents absorptive capacity. Though these proxies are somewhat crude, they capture our essential theoretical concepts. Moreover, an extensive robustness analysis allows us to reject plausible alternative explanations for our findings.
First, we record the project's type. This variable is binary, and it distinguishes between renewable energy and other project types. Renewable energy is one of the most rapidly growing global industries, so transfers of renewable energy technology hold high commercial value, V . In the main analysis, we apply a broad definition of renewable energy. Consistent with the definition of the Intergovernmental Panel on Climate Change (IPCC), we define technology transfer as a "broad set of processes covering the flows of know-how, experience and equipment for mitigating and adapting to climate change amongst different stakeholders, such as governments, private sector entities, financial institutions, non-governmental organizations (NGOs) and research/ education institutions" (UNFCCC, 2010, 13).
Although most of these technologies are being rapidly developed, hydroelectricity presents some complications. While most of the extant hydroelectricity installations do not require any advanced technologies, new installations can also rely on new technologies to reduce environmental burden, generate electricity in locations that were previously uneconomical, and so forth. In the online appendix, we thus also report analyses that exclude all hydroelectricity installations. Similarly, we report results from an analysis without energy efficiency technologies, a non-renewable project type with some commercial promise.
The global market for renewable technologies has been rapidly growing for the last decade or so (REN21, 2011). Between the years 2000 and 2010, global wind power capacity increased from 17.4 gigawatts to 198 gigawatts, more than a 10-fold increase. At the same time, global solar photovoltaics capacity increased from 1.4 gigawatts to 40 gigawatts, almost a 30-fold increase, while the production of ethanol and biodiesel increased from less than 18 billion to approximately 105 billion liters. Many other renewable energy technologies, ranging from small hydroelectricity installations to geothermal power, also expanded. 8 Overall, total investment in renewable energy reached USD 211 billion in 2010.
First and foremost, the fast expansion of capacity has been driven by stupendous decreases in the cost of renewable electricity generation. In addition to the rapid growth of renewable electricity markets, these technologies are valuable because they can be used in a wide variety of contexts. For example, wind power relies on certain basic technologies, such as turbine blades. 9 Each such technology can be sold to booming global markets, so losing the technology to a competitor would be costly to the extreme. In contrast, other key technologies transferred under the CDM are more specific. Most major energy conservation projects are intended for a specific industrial installation, and the technologies used there may not travel well to other contexts. Cement projects focus on a specific industry, and the technologies used in them cannot be used in other industries. Agricultural methane avoidance projects, which play an important role in the CDM, also do not depend on technologies that can be commercialized for a wider range of uses. In light of these observations, it is appropriate to assume that the technology's commercial value, V , is on average much higher for renewables than for other technologies.
The rapid growth of renewable energy makes it an important "strategic good" (Goenner, 2010) . As societies seek sustainable and reliable alternatives to conventional fossil fuels, renewable energy is at the forefront. Energy is a basic requirement for all economic activity, and energy prices have recently been high due to rapidly growing demand. The centrality of energy to economic activity and security means that the renewable energy markets will probably continue to grow rapidly in the long run, further bolstering the argument that the commercial value, V , is higher for renewables than for other technologies.
To illustrate the importance of distinguishing between renewable energy and other projects in the empirical analysis, consider Figure 2 . It shows that, overall, technology transfer is much less common in renewable than other projects. In many ways, this is surprising: if the profitability of renewable energy is critically dependent on advanced technologies, why is technology transfer so rare, overall? Our theory can explain this puzzling pattern: foreign technology is often not transferred due to concerns about competitiveness, and these are more pronounced for renewable than for non-renewable technologies.
[ The data on wind energy technology certainly support these propositions. In early 2010, the Danish company Vestas remained the world's largest wind turbine manufacturer, followed by the American company General Electric. However, the largest gains in recent years have been made by companies from developing countries. World's fourth largest manufacturer was the Indian company Suzlon Energy, while the Chinese companies Goldwind, Sinovel, Dongfang, and Ming Yang Power held the sixth, seventh, and eighth positions, respectively. 11
While GDP is a country covariate, it is appropriate for testing our theory about the effects of absorptive 10 Indeed, separating between the effects of GDP per capita and population, the composite terms of GDP, does not seem warranted here. GDP per capita should only have a positive effect if population is large, and vice versa. capacity. A country with a large GDP has many companies that could potentially reverse-engineer new technologies and reach a sufficient scale to become an international competitor to the sender of the technology.
The set of companies with the capacity to reverse-engineer should be positively associated with GDP, so we expect renewable energy projects to feature considerably less technology transfer to economically large than to economically small countries. Technically, the coefficient for the interaction term between the renewable project type and logarithmized GDP should be negative.
To illustrate this hypothesis, it is perhaps useful to consider how Chinese and Indian wind turbine manufacturers have improved their technological capabilities. Lewis (2007, 226) Given that GDP is directly related to the size of a developing country's population, in the online appendix we also examine models that interact renewable project type with population. Given our focus on absorptive capacity, our theory predicts that GDP should be a much better prediction of technology transfer than population. Empirically, we indeed find that GDP is a more accurate predictor of technology transfer than population. This suggests that our focus on absorptive capacity is warranted.
Another potential problem with the GDP variable is that it may capture the lack of need for foreign technology. To account for this, the online appendix presents models that interact renewable project type with the country's renewable energy patent count and electricity generation capacity. In both cases, GDP continues to be an accurate predictor. This suggests that access to domestic technology cannot explain the effects we find, so that we can rule out an important alternative explanation.
While we prefer GDP as a more comprehensive measure of absorptive capacity, it is true that GDP also captures other dimensions of economic development (Hendrix, 2010) . In an extensive robustness analysis, we consider and reject various alternative explanations, but we acknowledge that our empirical analysis cannot exactly identify the causal mechanism through which GDP modifies the differences in technology transfer between renewable and non-renewable projects. As an alternative to GDP, we also estimated our models using total counts for international patents approved under the 1976 Patent Cooperation Treaty. By verifying that the main results hold for total patent counts as well, we can alleviate this concern. 12 For illustration, consider Table 1 . It provides a list of the 20 leading recipients. For each recipient, we computed the proportions of renewable energy projects and all other projects that featured technology transfer. For the three leading recipients (China, India, Brazil), technology transfer was much less common for renewable than other projects. This is consistent with our theoretical expectation.
[ Table 1 about here.]
The table offers another important lesson: many of the technologically advanced countries in the sample had to rely on technology transfer. Israel, which is hardly a developing country, imported technology in all five of its renewable projects and in 77% of its non-renewable projects. Similarly, Chile imported technology in 51% of its 37 renewable projects, and in 53% of its 32 non-renewable projects. These patterns are not consistent with the idea that high levels of productivity are enough to reduce technology transfer.
Control Variables
We present a parsimonious and theoretically informed specification for our empirical analysis; the online appendix presents an extensive robustness analysis. To begin with, all of our models include a cubic time polynomial to control for time trends. 13 Since the need for technology transfer may decline over time, it is essential to account for temporal patterns (UNFCCC, 2010).
12 When both GDP and patents are included, the effects of GDP are generally stronger than the effects of patents. Qualitatively, however, both variables have the expected effects. 13 Since time fixed effects induce bias in limited dependent variable models, as Beck, Katz, and Tucker (1998) and Chamberlain (1980) show, we opt for a specification with a cubic time polynomial (Carter and Signorino, 2010) . We are thankful to one of the reviewers for pointing this out.
We also account for project size, as the transaction cost of implementing technology transfer for small projects may be prohibitive. According to previous research, small projects indeed feature less technology transfer than large projects (Dechezleprêtre, Glachant, and Ménière, 2008) . The CDM classifies some projects as "small," so we include a binary indicator for smallness.
The CDM allows project developers to implement projects regardless of a formal contract with a partner from an industrialized country (Michaelowa, 2007) . On average, it appears plausible that contracts with a partner from an industrialized country feature technology transfer more often than other projects. Therefore, we include a binary indicator for whether the project was "unilateral" in that the project did not, at the time of registration with the CDM, have an advance contract for the expected carbon credits. 14 According to previous research, learning effects play an important role in CDM technology transfer (UNFCCC, 2010) . We include the cumulative number of CDM projects, separately for renewables and non-renewables, that a country registers over the years. To avoid conflating learning with country size, we normalize these CDM project numbers by a country's total carbon dioxide emissions. 15 In the online appendix, we also verify that our results hold if we use the current number of CDM projects for each year instead of cumulative counts. Notably, including the cumulative or current number of CDM projects also accounts for a particularly important endogeneity issue: countries that have already secured many projects have less need for technology transfer from new projects. Similarly, this control accounts for selection issues across countries, as it distinguishes between more and less attractive CDM hosts.
To account for other country characteristics, we also include a control variable for corruption. CDM projects carry high transaction costs, so a corrupt bureaucracy could raise impediments to technology transfer. Thus, accounting for corruption is useful. We rely on the International Country Risk Guide's measure. 16 This variable ranges from 0 to 6, with higher values indicating more corruption. In the online appendix, we also demonstrate the robustness of our results to the inclusion of other country characteristics, such as democracy, population, and the protection of intellectual property rights.
Since CDM host countries may differ considerably across each other, and controlling for all this het- 14 The variable is coded by the CDM/JI Pipeline Database. The measure does not distinguish between projects that had, and had not, a foreign partner at the very beginning. We also cannot follow the formation of partnerships at later stages since our data for technology transfer are from the time of registration. For other definitions of unilateral projects, see Lütken and Michaelowa (2008 To check that our results also survive if we consider variation across countries, some models use random instead of fixed effects. For these models, the error structure is allowed to vary across countries, but more control variables are needed. Additional control variables decrease the likelihood of omitted variable bias in our random effects model. We therefore include the following additional variables: a binary democracy measure from Cheibub, Gandhi, and Vreeland (2010) , logarithmized population size, the number of internet users to proxy a country's technological prowess, share of GDP produced by the industrial sector, investment profile, and inward foreign direct investments. We lag all these control variables by one period to avoid losing CDM project data for 2010; all data are taken from the World Bank's World Development Indicators.
To control for country differences in demand for technology transfers, we also add three control variables on the logarithmized number of international patents 17 , the number of renewable patents 18 , as well as each country's ranking in Park's (2008) patent protection index.
Summary statistics are provided in Table 2 . Correlation matrices are provided in the online appendix. 19 In addition to the full sample, we provide the summary statistics and correlation matrices for samples without China and India. These subsamples are separately analyzed below to ensure that these leading CDM host countries are not exerting undue influence on the results. 20 One feature of these descriptive statistics worth discussing is the very high correlation between renewable project type and the interaction term. This is because there is a large number of non-renewable projects, specifically 1,932. For these projects, both the interaction term and the renewable project type variable score zero. Indeed, the correlation between the interaction term and GDP itself is much lower. This means that we are able to estimate the marginal effect of changing GDP on the probability of technology transfer. Popp (2011, 147) notes that, apart from China, South Korea implemented policies to promote technology transfer. One of our robustness checks in the online appendix, therefore, excludes South Korea as a host country. Our findings are robust to the exclusion of 72 Korean CDM projects.
[ Table 2 about here.] In the online appendix, we also provide a detailed breakdown of project types for China, India, and the rest of the world. In the early years of the CDM, Chinese projects tended to focus on the destruction of trifluoromethane, and these projects were widely regarded as problematic (Wara and Victor, 2008) . Our data show this is no longer the case. Today, Chinese and Indian projects are biased toward key issue areas, notably energy conservation and renewable energy. This highlights the CDM's technology transfer potential.
Model Specification
The dependent variable is binary, so we estimate a logistic regression. Our analysis focuses on the interactive effect of host country characteristics and project type. 21 To avoid omitted variable bias because of unobservable characteristics that vary across host countries, the main model is a conditional fixed effects logit model. This model identifies coefficients based on within-country variation and controls for time-invariant, country-specific factors. Formally, we estimate the following regression:
where Logit(TT) i,j denotes the logit function of technology transfer in the ith project in host country j, X is a vector of project control variables, Z is a vector of country control variables, t, t 2 , t 3 is the cubic time polynomial, µ j captures country-fixed effects, and ε i,j is the error term. The remaining symbols denote coefficients. Our main expectation is that β 3 is negative. We also estimate random effects models to exploit variation across countries.
Findings
Overall, the empirical analysis supports our primary hypothesis: there is a negative and consistent interactive effect between renewable project type and the recipient's logarithmized GDP. This effect is present both if 21 We acknowledge that testing interactive hypotheses in nonlinear models not necessarily requires interactive product terms in the statistical model specification. Following the recommendation in Berry, DeMeritt, and Esarey (2010), we run likelihood ratio tests for all our main models with and without the interaction term. For all our models, we can reject the null hypothesis that the models with and without interaction term are identical with p < 0.001.
we only consider within-country variation by implementing conditional fixed effects and if we account for cross-country variation by using random effects instead. We begin by presenting the main results. Next, we report results from our robustness tests.
Main Results
The estimation results are reported in Table 3 . Models (1)- (3) do not contain any control variables, while models (4)-(6) include project control variables and the corruption control. Models (7)- (9) present random effect models with the above described extensive set of control variables. Models (2), (5), and (8) exclude China, while models (3), (6), and (9) exclude India. In each model, the coefficient for renewable project type is positive. However, the exact magnitude of this coefficient is meaningless: given the interaction with the logarithmized GDP, the coefficients represent a country that produces nothing (Brambor, Clark, and Golder, 2006) . In all nine models, there is also a strong and negative interaction between renewable project type and logarithmized GDP.
[ Table 3 about here.]
As Ai and Norton (2003) and Berry, DeMeritt, and Esarey (2010) demonstrate, a statistically significant interaction effect in nonlinear models is neither a necessary nor a sufficient condition to support an interaction hypothesis on response probabilities. Therefore, we present simulated substantive effects in Figure 3 . These simulations are based on model (4) in Table 3 , with 10,000 draws from a multivariate normal distribution. We set continuous control variables at their means, while the binary project controls for project size and unilateral implementation are set at their median values. The cubic time polynomial is also set to its median year 2008.
Since one of the interacting variables, namely the logarithm of the host country's GDP, is continuous, the interactive effect is best illustrated by comparing the probability of technology transfer for renewable and non-renewable projects. To do so, we plot the probability ratio, which is defined as the probability of technology transfer being equal to one for renewable projects divided by the probability of technology transfer being equal to one for non-renewable projects. 22 This probability ratio is a meaningful quantity of 22 Formally, the probability ratio is given as Pr(TT=1|renewables=1,M) Pr(TT=1|renewables=0,M) , where M is the matrix of all covariates except for the renewable project dummy.
interest as it is independent of a specific baseline and thus comparable across intercepts in our fixed effects models.
Figure 3 below shows that for the lowest GDP values, the probability ratio is clearly greater than one.
The probability for technology transfers is much larger for renewable than for non-renewable projects. Since renewable energy requires advanced technologies, small and poor countries often need foreign technology inputs for renewable energy generation. This is intuitive: in the least developed countries, advanced renewable energy technologies are simply not available, so technology transfer is necessary for project implementation.
For the highest GDP values, renewable projects secure much less technology transfer than non-renewable projects. The probability ratio is smaller than one, so probabilities for technology transfer are smaller for renewable than for non-renewable projects. This is consistent with our expectations: as the economies of key developing countries, such as China and India, grow, they secure fewer technology transfers than in the past. Indeed, the superimposed data distribution shows that the vast majority of CDM projects are located in countries where renewable energy projects receive less technology transfer than non-renewable projects.
To further illustrate our findings, we note that countries such as Bangladesh (25.02), Bhutan (20.25), Guatemala (23.97), Liberia (20.07), and Nicaragua (22.39) show probability ratios larger than one, while China (28.62), India (27.42), Indonesia (26.23), Mexico (27.27), and South Africa (25.94) consistently demonstrate probability ratios smaller than one. For the latter group of countries, technology transfers are estimated to be less likely for renewable than for non-renewable projects, while the opposite pattern holds true for the first set of countries.
[ Figure 3 about here.]
These results cannot be attributed to the lack of need to transfer technology. If this was the case, then we would expect host countries with large GDP values to obtain new technologies neither for renewable nor for non-renewable projects. But this is not the case. Empirically even the two largest countries, China and India, frequently import advanced technologies for non-renewable projects. However, they rarely import technology for renewable energy technologies.
The control variables also contain interesting insights. As the cumulative number of non-renewable projects implemented in the host country increases, the probability of technology transfer decreases. This suggests that learning effects exist: if technology transfer has already occurred in previous projects, it is no longer needed in new projects within a given country. For renewable energy projects, the evidence is weaker.
The models also provide support for the hypothesis that project size is important. Small projects feature less technology transfer than large projects, and the effect is consistent across our models. The evidence for the role of unilateral versus bilateral implementation is weaker, as our results are not robust to excluding India. This lack of robustness may, however, reflect the difficulty of measuring the actual degree of cooperation between developing and industrialized country partners.
Country covariates are also important. Most importantly, industrial production and a good investment profile are positively associated with technology transfer, while actual inward investment flows are negatively associated with it. This latter finding may reflect the possibility that FDI results in technological development at earlier stages, and this means that there is less need for explicit technology transfer under the CDM.
Overall, the results provide evidence for our model: since renewable energy technologies hold considerable commercial potential, they do not benefit from technology transfer as much as other projects do. While GDP is a somewhat crude proxy for absorptive capacity, it is safe to say that expansion of economic activity is not conducive to foreign technology transfers. This pattern is normatively unfortunate given the importance of advanced technology for the profitability of renewable energy. However, the underlying economic incentives are clear.
Additional Tests
The empirical results are robust to various changes in the specification, as reported in the online appendix.
Inclusion of additional controls, such as democratic political institutions and population, does not compromise the results. We also excluded hydroelectricity projects from the sample. Hydroelectricity projects account for more than 25% of our sample (1,362 projects), 23 and they often rely on mature energy technologies, with less need for technology transfer. Since this could induce bias, we estimated our models excluding hydroelectricity projects. The results remain virtually unchanged. Similarly, we dropped all CDM projects that focus on energy conservation by increasing energy efficiency. 24 Our dataset contains 680 such projects (about 13% of our sample), which are generally technology intensive and could unduly affect our results.
However, we find that excluding this specific project type leaves our substantive conclusions intact. This corroborates our analysis against concerns that our renewable project dummy is too coarse of a measure.
Similarly, we excluded all canceled projects from our sample. Since canceled projects are presumably of inferior quality, it is important that they do not drive our results. We classified a project as "canceled" if it was withdrawn by the project developer (4 projects), rejected by the CDM's Executive Board (36 projects),
or not validated by the CDM's Designated Operational Entities (37 projects). The results are robust.
To examine possible nonlinearities and selection on observables, we also implemented a matching analysis (Iacus, King, and Porro, 2012) . Specifically, we ensured that the distribution of renewable and nonrenewable projects was balanced across three key covariates: small versus large projects, unilateral versus bilateral projects, and the host country's lagged corruption levels. 25 We found that our dataset was highly balanced to begin with, and the exclusion of only 11 projects resulted in almost perfect balance, with virtually no change in the results.
Another important set of robustness tests focused on the interaction between the renewable project type and additional covariates other than a country's GDP. To analyze these interactions, we replicated our models, but included several extra interaction terms. In separate models, we specifically interacted renewable project type with the small project dummy, the unilateral project dummy, corruption, democracy, and population. 26 Throughout, the interaction between renewables and GDP continued to have a large and negative coefficient. The extra interactions had weak or inconsistent effects, except that high corruption levels increased the difference in technology transfer between renewable and non-renewable projects. This is broadly consistent with our expectations: in corrupt countries, the risk of intellectual property theft is probably higher than in non-corrupt states. Yet another test pertained to the potentially coarse measure of GDP for absorptive capacity. To alleviate this concern, we replace our GDP variable with the number of international patents as a more "direct" measure of absorptive capacity. 29 Our robustness check shows that the interaction effect is always negative:
technology transfer decreases for increasing levels of absorptive capacity.
We also examined differences between transfers of equipment and knowledge. Specifically, we estimated our models while excluding all cases of equipment and knowledge transfer, respectively. Our results were fully robust for transfers of equipment but not for knowledge. (8) exclude China. Models (3),(6), and (9) exclude India. * p < 0.10, * * p < 0.05, * * * p < 0.01 Table 3 : Regression results from conditional fixed effects logit models and random effects probit models.
